A harmonized sampling approach in combination with spatial modelling is required to update current knowledge of fasciolosis in dairy cattle in Europe. Within the scope of the EU project GLOWORM, samples from 3,359 randomly selected farms in 849 municipalities in Belgium, Germany, Ireland, Poland and Sweden were collected and their infection status assessed using an indirect bulk tank milk (BTM) enzyme-linked immunosorbent assay (ELISA). Dairy farms were considered exposed when the optical density ratio (ODR) exceeded the 0.3 cut-off. Two ensemble-modelling techniques, Random Forests (RF) and Boosted Regression Trees (BRT), were used to obtain the spatial distribution of the probability of exposure to Fasciola hepatica using remotely sensed environmental variables (1-km spatial resolution) and interpolated values from meteorological stations as predictors. The median ODRs amounted to 0.31, 0.12, 0.54, 0.25 and 0.44 for Belgium, Germany, Ireland, Poland and southern Sweden, respectively. Using the 0.3 threshold, 571 municipalities were categorized as positive and 429 as negative. RF was seen as capable of predicting the spatial distribution of exposure with an area under the receiver operation characteristic (ROC) curve (AUC) of 0.83 (0.96 for BRT). Both models identified rainfall and temperature as the most important factors for probability of exposure. Areas of high and low exposure were identified by both models, with BRT better at discriminating between low-probability and high-probability exposure; this model may therefore be more useful in practise. Given a harmonized sampling strategy, it should be possible to generate robust spatial models for fasciolosis in dairy cattle in Europe to be used as input for temporal models and for the detection of deviations in baseline probability. Further research is required for model output in areas outside the eco-climatic range investigated.
Introduction
Fasciola hepatica is a trematode parasite with a high economic impact on livestock production worldwide (Mas-Coma et al., 2005) . For example, in northern Belgium (Flanders), the yearly cost of infections with this parasite in dairy cattle has been estimated at € 8.2 million or € 30 per adult dairy cow present in the population (Charlier et al., 2007 (Charlier et al., , 2009 . Similarly, Schweizer et al. (2005) estimated, using Monte Carlo simulation, that the median financial loss due to bovine fasciolosis in Switzerland amounts to approximately € 52 million representing a median loss of € 299 per infected animal. Most of these losses arise from reduced milk yield and reduced fertility, with smaller losses due to reduced meat production and liver damage.
In order to identify high-risk zones, several spatial modelling approaches have been suggested, either directly by modelling of the presence/absence of the disease on farms in Europe (Rapsch et al., 2008; McCann et al., 2010; Bennema et al., 2011; Fox et al., 2011; Kantzoura et al., 2011) and worldwide (Fuentes 2004 (Fuentes , 2006 Asrat et al., 2007; Valencia-Lopez et al., 2012) , or indirectly through species distribution modelling of the intermediate host Galba truncatula . These models usually focus on a region within a single country and have often a low spatial resolution. McCann et al. (2010) , for example, described the prevalence of fasciolosis in England and Wales at the postcode level with each polygon having a mean surface of 20,000 km 2 . On the other end of the spectrum, some examples can be found describing the potential habitat sites on a single farm with a very high spatial resolution De Roeck et al., 2014) .
Few studies focus on the development of a panEuropean model, probably due to the lack of comparable epidemiological surveys of the disease between different countries and study sites. Thanks to the EU-funded project GLOWORM, a harmonised sampling strategy and diagnostic method enabled the creation of a baseline dataset that can be used to model the probability of exposure to liver fluke at the European level. The aim of this paper was to create a presence/absence modelling approach describing the observed patterns of fasciolosis throughout Europe at a medium spatial resolution. This would identify the most important eco-climatic factors determining exposure and allow the exploration of the differences in impact of environmental and meteorological factors between biomes, e.g. of the Mediterranean, temperate or northern variety.
Materials and methods
Five countries (Belgium, Germany, Ireland, Poland, Sweden) were included in a cross-sectional survey. Within each study region, a two-stage sampling strategy was followed. In the first stage, farms from 849 municipalities located in the countries mentioned above were selected and stratified according to three dairy cattle density categories. Within the municipalities, a random sample of dairy farms was taken. In total, bulk milk tank (BMT) samples were collected from 3,359 randomly selected farms (Table 1 and 2, Fig. 1 ). All samples were tested using the SVANOVIR ® F. hepatica-Ab ELISA (Boehringer Ingelheim Svanova, Uppsala, Sweden). This test quantifies antibodies to excretorysecretory products of F. hepatica and is based on the protocol as described by Charlier et al. (2007) . For each of the study regions, a separate histogram was calculated to compare the optical density ratios (ODRs) obtained. In the next step, the maximum ODR value per municipality was retained, as we assumed that this represented the farms with the lowest management impact with respect to fasciolosis. Additionally, data from a cross-sectional survey conducted by Kuerpick et al. (2013) were digitised on-screen and added to the database to improve the data collected in Germany.
MODerate-resolution Imaging Spectroradiometer (MODIS) imagery (http://modis.gsfc.nasa.gov/) was used to derive daytime and night-time Land Surface Temperature (LST DAY and LST NIGHT , respectively) and two vegetation indices, the normalised difference vegetation index (NDVI) and the enhanced vegetation index (EVI). The temporal Fourier transformed data were made available by Prof D. Rogers, Oxford, UK through the EDENext network (FP7) (www.edenextdata.com). For the MODIS data, the three harmonics, corresponding to the annual, bi-annual and tri-annual seasonal cycles, were extracted and saved. The characteristics of these final Fourier fits were saved as a series of output layers, more specifically the harmonic amplitudes (A1-A3) and phases (P1-P3), and the mean (Mean), minimum (Min) and maximum (Max) over the entire time series. Additionally, Bioclim variables from Hijmans et al. (2005) were added to the set of predictors. The bioclim variables describe seasonal temperature and precipitation patterns for the entire Table 2 . Number of samples and municipalities in every country.
*Extra data digitised from Kuerpick et al. (2013) . study area. In total, the predictor set comprised 49 variables.
Prior to the modelling stage, the centroid of each of the municipalities was calculated. For each of these centroids, the predictor values were extracted using the EXTRACT function in VECMAP, version 0.9 (Avia-GIS, 2014). An intermediate step involved clustering the data points according to the different ecoclimatic patterns allowing recognition of any patterns in the observed presence and absence data. This was especially relevant because we modelled over a large spatial area, where the presence/absence discrimination could be affected by different limiting factors in different geographical zones (e.g. dry limit in the South versus cold limit in the North). Two modelling techniques derived from machine-learning were used to model the probability of exposure to F. hepatica. In contrast to statistical techniques, which focus on what model to postulate, how the response is distributed and if observations are independent, the machine learning-techniques assume that the data-generating process is complex and unknown and try to learn the response by observing the inputs and responses and finding dominant patterns (Elith et al., 2008) .
Random Forests (RF) is an empirical modelling technique using field observations to establish the relationship between vector occurrence and prevailing environmental conditions. This technique generates various classifications, i.e. in case of a categorical response, a set of classification trees or, alternatively, in case of a continuous response variable, many regression trees (Breiman et al., 1984) . A random classification forest approach is a robust ensemble learningtechnique, which can be applied to model probability maps, expressing the probability of occurrence. Each classification tree will provide a predicted model output and the final probability is measured as the proportion of classification trees predicting a presence value for the pixel over the total number of generated classification trees. A major advantage of RF over traditional statistically techniques is that input data do not have to adhere to statistical constraints (e.g. homogeneity of variance, uncorrelated predictor dataset). The technique consistently outperforms traditional modelling techniques such as logistic regression (Cutler et al., 2007; Peters et al., 2011) and has successfully been applied for ecological research projects, e.g. to assess if temperature and precipitation affect the minimum infection rate of Culex species for West Nile Virus in Illinois (Ruiz et al., 2010) , to model the current spatial distribution of Aedes albopictus in Europe using a wide set of predictor variables (ECDC, 2009) , and to estimate the probability of presence for Culex pipiens and Aedes vexans in Belgium (Versteirt et al., 2011) .
Boosted Regression Trees (BRT) has been developed by Schapire (2003) and proved successful in modelling extreme values, which can be difficult for RF. Still, this technique has rarely been applied to ecological applications (Elith et al., 2008) .
The probability of exposure to F. hepatica was first modelled using RF in VECMAP (version 0.9). The number of trees was set to 500, the points sampled for each tree to 49 and the number of variables used at each node to 7. The BRT required a preliminary step to optimise the learning rate, bag fraction and number of trees using a cross-validation accuracy test with 10 folds. Learning-rate and bag fraction were varied to determine the best configuration for the given data set. The learning-rate was evaluated at 0.001, 0.01 and 0.005 and the bag fraction at values of 0.5, 0.6, 0.7 and 0.75. For each combination the optimal number of trees was determined. These results indicated that a configuration using a learning-rate of 0.005, a bag fraction of 0.5 and the number of trees = 2,250 should yield the highest area under the receiver operating characteristic (ROC) curve (AUC) (Fielding and Bell, 2007) , i.e. 0.832 ± 0.0012.
All model outputs were only generated in areas within the range of the observed eco-climatic dataset to avoid extrapolation. Any results beyond the limits of observation were masked out.
The predictor variable importance was assessed through the measurement of the decline in performance if the model is run without the variable. The performance decline was expressed as the mean decrease of the GINI index (Breiman, 2001 ). This index is unitless and can only be interpreted as a relative indication of variable importance. It does not allow comparing the importance of a given variable between two models, but rather indicates the relative importance of different variables within one model.
The model accuracy for both techniques was assessed using the AUC, which can be roughly interpreted as the probability that a model will correctly distinguish true presence and true absence from false ones (Fielding and Bell, 2007) . Additionally, the model accuracy was assessed using sensitivity and specificity. All indices were calculated using the presence/absence package (1.1.9) (Freeman and Moisen, 2008) in R 3.0.2 (R Core Team, 2014) .
Results

Observed field data
The histograms for the different countries are shown in Fig. 2 . For all countries, the distribution of the ODR values are skewed to the right. The median ODR amounts to 0.31 in Belgium, 0.12 in Germany, 0.54 in Ireland, 0.25 in Poland and 0.44 in southern Sweden. Given the cut-off of 0.3 for distinguishing between positive and negative samples, it should be assumed that the a total number of 571 villages must be categorised as positive and 427 as negative (Fig. 3) . Fig. 4a shows the spatial distribution of the probability of being exposed to F. hepatica according to Fig RF. High probability of exposure is predicted in Ireland, the west-coast of United Kingdom, northern France, northern Belgium, The Netherlands, northwest Germany, Denmark, southern Sweden and Norway.
RF-predicted probability of exposure
The five most important variables in the case of RF are the mean temperature of the driest quarter, the temperature seasonality (from Bioclim), the mean temperature of the coldest quarter, the precipitation of the driest quarter and the annual precipitation. The model accuracy is shown in Fig. 4b . The histogram plot on the top left indicates the frequency of observed presence and absence sites per predicted probability range. In a perfect model all observed presence sites would be predicted with a probability higher than 0.5, whilst the negatives would be attributed with a probability inferior to 0.5. The histogram shows that there is some confusion between the observed presence sites, which are predicted with a lower probability. The same is true for some absence sites that are modelled as presence. The top right graph displays the number of observed sites proportioned per bin. The ROC plot indicates that the RF is capable of predicting the probability well (AUC = 0.83). Finally, the lower right plot visualises the sensitivity, specificity and Kappa index of agreement in function of the cut-off threshold to classify the probability into actual presence and absence sites. The optimal cut-off, where sensitivity equals specificity is at 0.64. At this level the sensitivity and specificity, amount to 0.74 whilst the Kappa is 0.47. The maximum Kappa index of agreement (0.50) is obtained when using a cut-off of 0.57. Fig. 5a displays the probability of being exposed modelled using BRT. The output map features a similar pattern as for RF. The same areas are indicated as either high and low probability. The biggest difference between the two approaches is the contrast between the zones of predicted presence and absence. Whereas the RF smoothens the output, a distinct contrast is shown by the BRT.
BRT-predicted probability of exposure
In the case of BRT, the five most important factors are temperature seasonality, the second amplitude of the middle infrared band, the precipitation of the coldest quarter, the second phase of the daytime temperature and the minimum temperature of the coldest quarter. When looking at the accuracy plots (Fig. 5b) , the top left plot indicates that presence and absence sites are well discriminated. Indeed, few of the presence sites are assigned a low probability; conversely the absence sites are rarely assigned a higher value. The AUC value amounts to 0.96. The sensitivity and specificity are equal (0.83) when using a cut-off of 0.63, at which point the Kappa (0.77) index of agreement is 0.75. The maximum Kappa can be reached when using a cut-off of 0.49.
Discussion
Within GLOWORM, a unique set of ground-measured data was collected via a harmonised sampling strategy. The sampling strategy did not focus directly on areas with a high prevalence of F. hepatica, but used instead a two-stage sampling approach, where the municipalities were first randomly chosen followed by selection of farms within these municipalities. While this approach theoretically avoids bias, some bias may in reality have been introduced due to the way that the farms were selected. Due to the diagnostic testing, all samples originated from dairy farms linked to dairy processing companies. Therefore the size of the dairy herds and the management of the dairy farms may differ from farms not linked to dairy processors.
Comparing the ODR values with previous studies such as by Charlier et al. (2007) or Kuerpick et al. (2013) is difficult because they show the outcome from an in-house ELISA test. All results shown here were obtained via the commercially available diagnostic test. In general, the observation of a skewed distribution of ODR is expected because the ODR distribution includes farms being both positive and negative with respect to F. hepatica due to the random sampling protocol. Fig. 4a-b . Probability of being exposed to Fasciola hepatica modelled using RF (a) and the spatial distribution of the probability of being exposed to F. hepatica according to the RF approach (b).
(a) (b)
The modelling techniques used here, RF and BRT, proved to be robust while still allowing a biological interpretation. The model yields the probability of exposure as measured by BTM serology. Thus, the model output only indirectly conveys a message about current infection and even more indirectly about the presence/absence of the vector host, G. truncatula. Further, it neither accounts for population dynamics of the snail hosts nor the number of generations of the intermediate host. The geographical differences in the development of the parasite within the snail host are captured via proxies such as rainfall and temperature.
Mas-Coma et al. (2009) present a list of useful environmental factors that can be measured from Earthobserving space platforms including variables with respect to temperature and soil characteristics, such as surface water, standing water, soil moisture, vegetation and topography. The set of variables used as input for RF and the BRT is similar. For both RF and the BRT outputs, the most important variables were Fig. 5a -b. Probability of being exposed to Fasciola hepatica modelling using BRT (a) and the spatial distribution of the probability of being exposed to F. hepatica according to the BRT approach (b).
low prevalence (median prevalence of 0.7%, range 0-14%), beef cattle has a much higher prevalence (median prevalence of 2.6%, range 0-27%).
The models showed here only present results in areas that are similar to the sampled regions. In some countries meteorological and/or climatological conditions are too different and the probability of exposure cannot therefore be predicted. In Italy, large parts fall outside the eco-climatic range from the samples, and are therefore represented as "no data". In the few areas that are predicted, results indicate that the model is correct, e.g. in Campania in southern Italy, F. hepatica appears in a small cluster with both positive bovine and ovine farms corroborating previous results (Cringoli et al., 2002) .
In addition to the continental map outputs, there is a need for country-specific models. Indeed, in the case of Ireland, where the risk of exposure to fasciolosis is very high as compared to other European countries, there is still variation between regions within the country itself with the west coast subject to higher risk (Selemetas et al., 2015) . Similarly, in the case of Poland, a moderate risk of fasciolosis follows from the model, but the distinction between the high-risk zones and low-probability zones is much more evident within the country.
Conclusions
The use of a harmonised sampling approach in five countries allowed the creation of two pan-European ensemble models, RF and BRT, that delineate the probability of exposure to F. hepatica with high accuracy. The two machine-learning models are capable of distinguishing areas with high probability of exposure from those with intermediate and low probability. Still the BRT model is better at discriminating low probability and high probability areas and may therefore be of better practical use. Rainfall and temperature are the most important drivers for the probability of exposure. During the model generation, areas outside the eco-climatic range of the samples were masked out, requiring further field study to increase the spatial extent of the model output. This baseline model can now be used as input to temporal models, to detect deviations in the baseline probability and to assess the economic cost of fasciolosis in Europe.
partners from the GLOWORM project are acknowledged for their field work and enthusiasm during the project.
